Chapter 1: Foundational Concepts of Explainability
Techniques

Training Data

—

Used by ML model to
learn the prediction
function

Model
Prediction

Newly learned prediction
function is applied on new

\___‘_-_dat_a to get the predictions

(((

New Data Black-box ML Model
Programmer providing specific Data Scientist feeding data to Unhappy and confused Data Scientist as the
instructions to a machine train the model machine does not justify the prediction
* No response ...*
: Why did you predict the
E' . results as 121.567
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Without Machine Learning With Machine Learning Machine Learning without explainability
Overcoming Racial Bias In Al Racial bias in a medical algorithm favors white
Systems And Starlingly Even In patients over sicker black patients
Al Self-Driving Cars

Al expert calls for end to UK use of AL Bins Could Put Wommen's

‘racially biased’ algorithms Lives At Risk - A Challenge
For Regulators

Gender bias in Al: building

. . Bias in Al: A problem recognized but
fairer algorithms P .

still unresolved

Amazon, Apple, Google, IBM, and Microsoft worse at
Millions of black people affected by racial transcribing black people’s voices than white people’s

R . R with Al voice recognition, study finds
bias in health-care algorithms

| When it Comes to Gorillas, Google Photos Blind |
Study reveals rampant racism in decisions-making software used by US hospitals L
and highlights ways to correct it.

Google promisad a fix affer ifs phato-categerization saftwars labeled bluck peopla as goriflas in 2015.
More than two years lafer, it hasn't found one.

The Week in Tech: Aigorithmic Bias Is
Bad. Uncovering It Is Good.

Google ‘fixed’ its racist algorithm by removing
gorillas from its image-labeling tech

Artificial Intelligence has a gender bias
problem - just ask Siri

|The Best Algorithms Struggle to Recognize Black Faces Equally|

| US government fas’s find avan top-performing fadial recognition systems misidentity blacks ai rates fivas o 10 fimes higher than thay do whites. |
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How do | answer this
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) d Customer Support
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Companies should commit to ensuring

systems that could fall under GDPR, including
Al, will be complaint. The threat of sizeable
fines of € 20 million or 4% of global turnover
provides a sharp incentive.

Article 22 of GDPR empowers individuals

Andrus Ansip
@Ansip EU

You have the right to be informed about
an automated decision and ask for a
human being to review it, for example if
your online credit application is refused.
#EUdataP #GDPR #Al #digitalrights
#EUandMe europa.eu/InN77Dd

#DIGITALRIGHTS

In the Digital Single Market

with the right to demand an explanation Stronger data protection

of how an Al system made a decision that including rights to

affects them. - be forgotten

- move your data

+ know which data is collected about you,
if your data has been leaked or hacked

- be informed about automated decisions

- European Commision

VB, European Commision

Regulatory Acts Descriptions

GDPR Article 22 empowers individuals with the right to demand an explaination of the
decision-making process of automated systems

California Consumer

Requires companies to align the process of collection, storage, and sharing of
Privacy Act 2019

personal data with the new requirements of January 1, 2020

Algorithmic Accountability Mandates organizations to provide assessments of the risks of having automated
Act 2019 decision systems to privacy, security, inaccurate, unfair, biased, or discriminatory
outcomes impacting consumers.
Washington Bill 1655 Introduces measures for the use of automated decision systems to protect
consumers, improve transparency and create more market predictability.

lllinois House Bill 3415 Establishes guidelines for not including information related to applicant race or zip
code for predictive data analytics for the purpose of hiring or financial services

Massachusetts Bill Establishes guidelines on automated decision-making, transparency, fairness,
H.2701 and individual rights.

Fairness
Are predictions made without
discernible bias?

Diversity Inclusion

Accountability

Can we trace these predictions reliably
back to something or someone?

Privacy
Security Safety  \
Certainty  Robustness  Reliability

Transparency

Can we explain how and
why predictions are made?
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Outcomes
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End Users

More
Specific
and
Costly

Highly Accurate
Models: Non linear
and Non smooth
relationship and

Interpretability

loug compmiation Neural Network
time
f Random Forest
e‘@ Support Vector Machine
o Al - B
< L
fX+ WSS TE T e
Model
Linear Regression
Classification Rules Highly Interpretable
Models: Linear and
Accuracy smooth refationship

and easy to compute

Tasks

Real
Tasks

No Real Proxy
Humans Tasks

Humans

Real
Humans

Application-grounded Evaluation

Functionally-grounded Evaluation

Structured Data

Unstructured Data

Increase Al Adoption

Make Black-Box Models
Interpretable

Type of Data Key Purposes Provide Human-Friendly

Explanations

Increase Fairness of ModelsJ

[Explainabi"ty Methods} Testing Robustness of ModeIsJ

Dimensions of Explainability]_—-/

Local vs Global

Model-Specific vs Model-AgnosticJ

Explainability Approaches

Intrinsic vs Extrinsic

Model-Centric vs Data—Centric]




Chapter 2: Model Explainability Methods

Using interpretable
explainer algorithms to

visualize the results
Results

Visualization

Extracting information

Estimate the impact
from the input and the

f relevant features
Model °
output Knowledge lainabili Influence
Extraction Explainability Methods
Methods

Select instances of the datasets
that explains the behavior of

Example- the model
Based
Methods
Dataset statistics
Number of variables 15
70
Number of observations 660
80
Missing cells 0
50
i i 0, 0,
Missing cells (%) 0.0% 2
i 2
Duplicate rows 0 g
o 30
Duplicate rows (%) 0.0% 20
Variable types 10 ‘
Categorical 5 0 Ih -_- m— B
o o Bl L3 b o L
Numeric 10
Histogram with fixed size bins (bins=33)
= Spain Quantile statistics Descriptive statistics
- taly
EEE Germany
= Brazil Minimum 2 Standard deviation 5.98245392
s England .
e lEance 5-th percentile 4 Coefficient of variation (CV) 0.507639443
m USA N -
= Portugal [+1] 8 Kurtosis 2.330457684
= Netherlands . ian 1 Mean 1.78484848
] 14 Median Absclute Deviation (MAD) 3
95-th percentile 23 Skewness 1.181334957
Maximum a7 Sum 7778
Range 35 Variance 35.78975491

Interquartile range (IGR) 6 Monotonicity Not monotonic



30 * 90 @
@ n
0 !
0 U )
2 l ‘
-10 in ‘1 ATA. ‘ ‘ ! l ‘ o ,] i | }F,A
” 1 “Ml.‘L mr * [l i '|l1|‘\ W .‘| l( HRA
“ “ul\! ”]H‘Hl ’I “IJ( } ‘
0 | \ I \ L
40 - ® :’ ! ) \ ‘ }
-0 '
20 -10 0 10 by s P g & E E
tsne-one § & \0,9,9 \.{f’; \q@.\ e@,\
Algorithm Relationship Type of ML problem

Decision trees

Interactions and monotonicity (to
some extent)

Classification and
regression

RuleFit Linearity and interactions Classification and
regression
Linear regression | Linearity and monotonicity Regression
Logistic regression | Monotonicity Classification
Naive Bayes Monotonicity Classification
N
Predictions
I Explainer — —

Blackbox ML Model

Surrogate Models

“~—_if{age=18-20) and (sex = male) then predict yes

else if (age =21 - 23) and (priors = 2 - 3) then predict yes
else if (priors > 3) then predict yes

else predict no




Random Forest Feature Importance for: Diabetes Dataset

Glucose

BM|

Age
DiabetesPedigreeFunction
Pregnancies

Insulin

BloodPressure

0.

=

1] 0.05 0.1 0.15 0.20 0.25 0.30 0.35
Feature Importance

A quantitative process which accounts for uncertainty in forecasts by changing assumptions made about
variables important.

Questioning the reliability of variable Predicts what will happen if assumptions The significance of changing variable
assumptions. are changed. assumptions.

Performing Sensitivity Analysis

Negative Expected
OQutcome Outcome

Factors Influencing Forecasts Evaluating Sensitivity Analysis
. . Allows managers to focus on the
Rivals Change Actions variables that they can influence.

Price £15 £20 £25
Exchange Rate Changes i i £9 £7 £5 " preparatizr;;g;:i? Horsease
Fixed Costs £5,000 £4,000 £3,000
Forecasted 1,000 2,000 3,000 Important to reassure investors that

Sales

Interest Rate Changes

the business is sufficiently prepared.
Business takes | The business | Business takes
a negative expectation of a positive . s T o i e
perspective of what will perspective of Sensitivity analysis is a system
Unexpected Weather Events the business happen. the business driven by data...

b EN®

Expected Is that data reliable?

Profits

£22,000 | £57,000

Spectrum of business scenarios forecast

Is that data accurate?

These events will impact a business's

strategic variables and influence the Is that data relevant?

validity of forecasts.

Are there any other interventions?
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Guided Backpropagation

A

il \ Rectified Conv FC Layer
Guided Backpropagation Feature Maps Activations

Guided Grad-CAM
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Predictive
Model [ 1

L Anol Prediction: Counterfactual Generation
0an Anplics s ;
oan Application Deny Loan | Algorithm
|
| Suggestion: Increase your salary by 50K & pay
| your credit card bills on time for next 3 months
| for approving load request
|
Suggestion |
4. __________ 4

Loan Applicant
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Chapter 3: Data-Centric Approaches

Status Check Condition
v Single Value in Column - Test Dataset Does not contain only a single value for all columns
v Mixed Mulls - Test Dataset Mot more than 1 different null types for all columns
v Mixed Data Types - Test Dataset Rare data types in all columns are either more than 10.00% or less than 1.00% of the data
v String Mismatch - Test Dataset Mo string variants for all columns
v Data Duplicates - Test Dataset Duplicate data is not greater than 0%
v String Length Out Of Bounds - Test Dataset Ratio of outliers not greater than 0% string length outliers for all columns
v Special Characters - Test Datazet Ratio of entirely special character samples not greater than 0.10% for all columns
v Label Ambiguity - Test Dataset Ambiguous sample ratio is not greater than 0%
Class | Mean_featl | Median_featl | AvgVar_featl | Mean_feat2 | Median_feat2 Angar feat2
34.5 37.0 -3.5 128.0 103.5
1 23.8 23.8 7.8 73.9 102.8 2.2
2 49.0 40 -2.3 101.5 101.5 -1.8

Trust Score Distribution

Dataset
= Trair
Pn Test
‘©»
o
4]
O
>
=
o
o
0
o]
|-
o
1 1.5 2 2.5 3
Trust Score
Predictive Power Score (PPS) - Can a feature predict the label by itself?
Drift Score - Earth Mover's Distance
I .
1 W Train
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 B Tes
== Train-Tes: Difference (sbs)
£
numeric_with_drift (#1 in FI) g
2 5
g £
a 2
g Z
3 £
o
o
<
=

0 2 4 6

radiuserror  worstperimeter worstconcavity | areaemor  perimeter error

Distribution Column



Original. Predicted class: Indian_elephant FGSM Sample. Predicted class: tusker
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Chapter 4: LIME for Model Interpretability
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Passengerid Survived Pclass Name  Sex Age SibSp Parch Ticket  Fare Cabin Embarked | Variable Description Details
1 0 3 Braund, Mr Owen Harris  male 220 1 o AS21171 72500  NaN s | survival Survival 0=No; 1=Yes
2 1 1 Cumings, Mrs. John Bradiey (Florence Briggs Th... female  38.0 1 0 PC17539 T12833 CB5 c pclass Passenger Class 1=1st;2=2nd; 3=3rd
3 1 3 Heikidnen, Miss. Laina female  26.0 0 0 STONO2 3101282 79250 NaN s — First and Last Name
4 1 1 Futrelie, Mrs. Jacques Heath (Lily May Peel) female 350 1 o 113803 531000 C123 8 sex Sex
5 0 3 Allen, Mr Wilkam Henry  male 5.0 0 0 373450 80500 NaN s
age Age
6 0 3 Moran, Mr James  male NaN 0 [ 330877 84583 NaN Q
7 0 1 McCarthy, Mr. Timothy J — male 54.0 0 0 17463 518625 E46 8 sibsp Number of Siblings/Spouses Aboard
8 0 s Palsson, Master. Gosta Leonard  male 2.0 3 1 349909 210750 NaN s
parch Number of Parents/Children Aboard
9 1 3 Johnson, Mrs. Oscar W (Esabeth Vilheimina Berg) female 270 0 2 347742 11333 Nan 8
10 1 2 Nasser, Mrs. Nicholas (Adele Achem) female 14.0 1 [] 23773 300708 NaN [ ticket Ticket Number
il 1 3 Sandstrom, Miss. Marguerte Rut female 4.0 1 1 PP9549 167000  G6 s fare Passenger Fare
12 1 1 Bonnell, Miss. Elizabeth female  56.0 ] [ 113783 265500 C103 s cahin Cabin
13 0 3 Saundercock, Mr. Willam Henry  male  20.0 ] [ A5.2151 80500 NaN s C = Cherbourg; 0=
1 0 3 Andersson, Mr. Anders Johan  male  39.0 1 5 7082 312750 NaN S | embarked Port of Embarkation Queenstown; 5 =
13 0 3 Vestrom, Miss. Hulda Amanda Adolina female  14.0 ] [ 350406 TBS2 NaN s Southampton
Survived Pclass Sex Age SibSp Parch Fare Embarked_0 Embarked_C Embarked_Q Embarked_$
0 3 1 220 1 0 7.2500 0 0 0 1
1 1 0 38.0 1 0 71.2833 0 1 0 0
1 3 0 26.0 0 0 7.9250 0 0 0 1
1 1 0 35.0 1 0 53.1000 0 0 0 1
0 3 1 35.0 0 0 8.0500 0 0 0 1
Prediction probabilities 0 1 F
eature Value .
Sex <=0.00 srsm000
0
Age > 35.00
1 [ 1.00
Pelass <= 200
Fare > 3100
Embarked C > 0.00
-2 -01 00 01 @2 03 08
Local for class 0 Local explanation for class 1 Local explanation for class 0

0.00 < Sex <= 1,00

Age = 35.00

2.00 < Pelass <= 3.00

Fare > 31.00

Embarked_€ <= 0.00

-01 00 01 02 03
Lacal for class 0
0.00 < Sex <= 1.00
Fare <= 7.00
2.00 < Pelass <= 3.00
Embarked_C <= 0.00
Parch <= 0.00
000 005 010 015 020 025 030 035

Embarked_C > 0.00

14.00 < Fare <= 31.00

0.00 = Sex <= 1.00

Age <= 6.00

2.00 < Pelass <= 3.00

Embarked € <= 0.00

SibSp <= 0.00 7.00 < Fare <= 14.00 .
000 005 010 ©15 020 625 030 035 040 -02 =01 o0 01 0z 03 04
Local explanation for class 1 Local for class 0

2.00 < Pelass <= 3.00

Embarked C <= 0.00

SibSp <= 0.00

24.00 < Age <= 35.00

Age > 35.00

2.00 < Pclass <= 3.00

Embarked_€ <= 0.00

14.00 < Fare <= 31.00

03 04



Chapter 5: Practical Exposure to Using LIME in ML

Predicted value

4679 [ | 309.40

(min) 205.80 (max)

Prediction probabilities negative

negative _ 1.00
positive

positive

Feature Value

Text with highlighted words

sit computer write review recent action comedy bait star
jamie foxx david morse review even want write laying
criticism would generic predictable beyond ridiculous
piece hollywood fluff go give u audience little credit put
something together half brain [HlBH time mental energy
criticising last summer take approach review mummy
review quote phrase review sub par movie think shall
thing le quote applicable hope go show think bait find
need know without take wild guess genuinely unfunny
audience member laugh entire two hour unoriginal
unthrilling B8 point fun watch badness Bl absolute
loathe pain watch cliche uhh lose train thought anyways



Chapter 6: Model Interpretability Using SHAP

Alice, Bob,and Ch

arlie are

part of the same team

i 3

\ |

[ distribution?

Player contributions

?

kaggle = &

Game

Order
Alice, Bob, Charlie

Alice, Charlie, Bob
Bob, Alice, Charlie
Charlie, Alice, Bob
Bob, Charlie, Alice
Charlie, Bob, Alice

Shapley Value of Alice

O
|| How to ensure fair

m Shapley values

Pay out
Players Point Values = V (Players)
Alice 10
Bob 20
Charlie 25
Alice, Bob 40
Alice, Charlie 30
Bob, Charlie 50
Alice, Bob, Charlie 90

Situation

Alice plays alone

Alice plays alone

Alice teams with only Bob

Alice teams with only Charlie

Alice teams with both Bob and Charlie

Alice teams with both Bob and Charlie

Contribution of Alice
v(A)—v(p)=10-0=10
v(A)—v(p)=10-0=10

v(A,B) —v(B) = 40—-20=20
v(A,C)-v(C)=30-25=5

v(A, B, C) - v(B,C)=90—-50 =40
v(A, B, C) - v(C,B)=90—-50 =40

(10+10+20+5+40+40)/6 = 20.83



Combination

Alice, Bob, Charlie
Alice, Charlie, Bob
Bob, Alice, Charlie
Charlie, Alice, Bob
Bob, Charlie, Alice
Charlie, Bob, Alice

Shapley Values

Alice

v(A) —v(p)=10-0=10
v(A)—v(@)=10-0=10
v(A,B)—v(B)=40-20=20
v(A,C)—v(C)=30-25=5
v(A, B, C)—v(A,B) = 90— 50 = 40
v(A, B, C)— v(A,B) = 90— 50 = 40

(10+10+20+5+40+40)/6 = 20.83

Dataset

Q& &

Feature contributions

alcohol

sulphates

volatile acidity
total sulfur dioxide
chlorides

free sulfur dioxide

density
fixed acidity +0.02
citric acid +0.02
pH 40,02
residual sugar +0.01

-

Feature Impertance using SHAP

Game

Marginal Contribution
Bob

v(A,B)—v(A)=40-10=30
v(A,CB)—v(AC)=90-30=60
v(B)—v(p)=20-0=20
v(A, B, C)—v(A,C) =90—-30 =60
v(B) —v(p)=20-0=20
v(B, C) — v(C) =50 — 25 = 25

(30+60+20+20+60+425)/6 = 35.83

How to ensure fair
contribution?

?

o

Model
predictions

Pay out

+0.28 alcohol
sulphates
volatile acidity
citric acid
fixed acidity
pH

density

total sulfur dioxide
free sulfur dioxide
chlorides

residual sugar

Charlie

v(A,B,C) — v(A,B) = 90 — 40 = 50
v(A,C)—v(A)=30-10=20
v(A,B,C)—v(A,B)=90-40=50
v(C) —v(e) =25-0=25
v(B,C) —v(B) =50 —20=30
v(C) —v(p) =25-0=25

(40+20+40+25+30+25)/6 = 33.34

Shapley values

+0.28

010 015 0.20

mean(|SHAP value|)

025

030 0.10

015 0.20 0.25

mean(|SHAP value|)



sulphates &

volatile acidity

total sulfur dioxide

chlorides wea

free sulfur dioxide

density o
citric acid
fixed acidity

residual sugar jge

= High Alcohol [201]
o | ow Alcohol [119]

T T
0.15 0.20 0.25 0.30

mean{|SHAP value|)



fix) WMWW

alcohol -
sulphates

volatile acidity -

Features

free sulfur dioxide -
density -

fixed acidity -

citric acid -

pH 1

residual sugar

alcohol

sulphates

volatile acidity
total sulfur dioxide
chlorides

free sulfur dioxide
density

fixed acidity

citric acid

pH

residual sugar

total sulfur dioxide -

chlorides -

SHAP Heatmap Plot

I I| III/I|IIII | I| I ‘I I|I|;I|

i i i
o 50 100 150 200 250 300

Instances

050 -025 000 025 050 075 100

SHAP value (impact on model output)

—0.75

059

SHAP value

—0.59

High

Feature value
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pH

—0.15

—0.20 1

alcohol
total sulfur dioxide
sulphates

volatile acidity

chlorides
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pH

citric acid
density
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-115
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-10.5
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fix)=5.016

9.4 = alcohol

144 = total sulfur dioxide
0.55 = sulphates

0.998 = density

0.082 = chlorndes

0.57 = volatile acidity

a
-

2.3 = residual sugar

0.27 = citric acid

327 =pH —0.01 ‘
23 = free sulfur dioxide -0 '
9.5 = fixed acidity | 10
5.0 52 5.4 5.6 .
E[fiX)] =5.69
higher = lower
base value f(x)
5.231 5.431 5.631 5.831 6.031 6.231 6.431 6.57.631 6.831 7.031
),l) T T { T T T
sulphates = 0.62 rtotall sulfur dioxide = 8 alcohol = 12.2 free sulfur dioxide = 4



The First Observation. The Second Observation.
Model prediction: 6.569 Model prediction: 5.0155
5.0 5.5 6.0 6.5 5.0 5.5 6.0

alcohol alcohol

total sulfur dioxide total sulfur dioxide

(8)

sulphates (0.62) sulphates
volatile acidity (0.46) density
free sulfur dioxide (4) chlorides
chlorides (0.065) volatile acidity (0.46)
fixed acidity (10) residual sugar (2.9)
pH (3.33) citric acid (0.44)
citric acid (0.44) pH (3.33)
density (0.997) free sulfur dioxide (4)
residual sugar (2.9) fixed acidity {10}
50 55 60 65 5.0 5.5 6.0
Model output value Model output value
cheeseburger bagel

warplane wing

A1 : o

-0.004 -0.002 0.000 0.002 0.004
SHAP value



fixed acidity volatile acidity citric acid residual sugar chlorides free sulfur dioxide total sulfur dioxide density pH sulphates alcohol quality

74 0.70 0.00 1.9 0.076 11.0 34.0 0.9978 3.51 0.56 9.4 5
7.8 0.88 0.00 2.6 0.008 25.0 67.0 0.9968 3.20 0.68 9.8 5
78 0.76 0.04 23 0.092 15.0 540 08970 326 0.65 98 5
1.2 0.28 0.56 1.9 0.075 17.0 60.0 0.9980 3.16 0.58 9.8 6
74 0.70 0.00 19 0.076 1.0 340 09978 3.51 0.56 94 5

fixed acidity

volatile acidity

citric acid

residual sugar

dhlorides

2 free sulfur dioxide
]

.g total sulfur dioxide missing

3 Falsze
density

pH

sulphates

alcohol

quality

Count



Chapter 7: Practical Exposure to Using SHAP in ML

Age Sex Job Housing Saving accounts Checking account Credit amount Duration Purpose Risk
a7 male 2 owWn MaM little 1169 3] radio/TV good
22 female 2 own little moderate 5951 43 radio/TV ~ bad
49 male 1 own little MNalN 2096 12 education good
45 male 2 free little little 7882 42 furniture/equipment good
53 male 2 free little little 4870 24 car  bad

Age

Sex

ok

Housing

% Saving accounts
m missing
8 Checking account 3 False
— Tue

Credit amount

Duration

Purpose

Risk

00 0z 04 06 0a 10

Checking account
Duration

Credit amount
Age

Housing

Saving accounts

Purpose
Sex
Bl Class 0
Job
B Class 1
0.0 0.2 0.4 0.6 0.8 1.0 12

mean(|SHAP value|) (average impact on model output magnitude)



Force plot
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Chapter 8: Human-Friendly Explanations with TCAV

What 1s the importance of stripes to identify a tiger?
target image
N
Tt
C‘%g;@%
\5) &7

Tiger

(0.98)

NN

concept image

Target image

Trained Deep —_
) Learning Model
Va /&‘/}e/‘-/(ms’/
I
. R —_—
I
I I
- Estimate the importance of the striped -
I concept to tiger image classifiers. |
Learning CAVs Getting TCAV Score CAV Validation
(M) /165 4, .
il II =@ ,-”;I":)%m Seii(TR) ¥ =| Quantitative Validation
LR /v I - ‘§| Sc, k,l( W) TCAVq :— Qualitative Validation
W S §5)




TCAY Score

TCAV Scores for each concept and bottleneck
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Chapter 9: Other Popular XAl

DALEX: moDel Agnostic Language for Exploration and eXplanation

predict model_performance
geom = ecdf, boxplot, gain,
lift, histogram

predict_parts model_parts
type = break_down_interactions, — type = variable_importance
break_down, shap H —
lime, oscillations i -_

predict_profile model_profile
type = ceteris_paribus = type = partial, accumulated,
b - = conditional
B geom = aggregates, profiles,
T points

predict_diagnostics model_diagnostics

Iy |'| ) & G

INSTANCE LEVEL DATASET LEVEL what to calculate

type - how to calculate
geom - how to plot

Preparation of a new explainer is initiated

-> data : 317 rows 73 cols

-> target variable : Parameter 'y' was a pandas.Series. Converted to a numpy.ndarray.
-> target variable : 317 values

-> model class : sklearn.ensemble. forest.RandomForestRegressor (default)

-> label : Random Forest

-> predict function : <function yhat default at Ox0000024EQF2ES55E8> will be used (default)
-> predict function : Accepts pandas.DataFrame and numpy.ndarray.

-> predicted values : min = 2.83e+05, mean = 1.35e+07, max = 1.07e+08

-> model type : regression will be used

-> residual function : difference between y and yhat (default)

-> residuals : min = -4.17e+07, mean = -5.39e+05, max = 1.08e+07

-> model_info : package sklearn

Feature Importance

Random Forest

abilies N 52103

age I < 1799459.0

goalkeeping ' +95507.0
defending | +27420.0
attacking | +16856.0
movement |+317DD
international_reputation 2037.0 I
power 4430.0}

skill ~ 105123.0f
mentality 471871.0 |}

5M 10M 15M 20M 25M

drop-out loss



Aggregated Profiles

age

27.08

24M
22M
20M
18M
§ 16M
o
=]
o
a 14M
12M
10M
8M
intercept
potential:overall = 91.0:91.0
age=36.0
ram = 89.0
Im=89.0
rm=389.0
cam=89.0
lam = 89.0

mentality_composure = 95.0
movement_reactions = 94.0
rs=91.0

w=88.0

=880

Is=91.0

st=91.0
mentality_penalties = 88.0

+ all other factors
prediction

20

Random Forest

prediction=14048248.803

mean_prediction=13521218.082

25 30

Cristiano Ronaldo

13521218

intercept

potential:overall = 91.0:87.0
age=21.0

ram = 88.0

Im=88.0

rm=88.0

cam =88.0

lam=88.0

skill_ball_control = 90.0
skill_dribbling
dribbling
movement_agility = 91.0
attacking_short_passing
skill_curve = 84.0

w=85.0

pace =81.0

+ all other factors
prediction

—L\_

35

intercept
potential:overall = 93.0:93.0
age =34.0

mentality_composure = 96.0
skill_ball_control = 96.0
movement_reactions = 94.0
skill_dribbling = 96.0
dribbling = 95.0

rs=92.0

™w =920

w=920

+ all other factors
prediction

J. Sancho

1abel mu Random Forest

potential

70 80 S0

L. Messi

I|352¥2|8

age =340
decreases average response by

766M) ¥

106914554

e = 21.0 | RERTEFS

S average respons

11224291(



prediction

age potential

110M s

100M
90M
80M
70M

&0M

50M
20 25 30 35 70 80 90

Fairness Check

independence
label

developing B Random Forest

developed

separation

developing

developed

subgroup

sufficiency

developing

developed

1.1 1.2 1.3

=

0.8 0.9

score
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Savod Mon ar 21202 2048

Random Forest

Variable Importance @
overall §

potential

age
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20m
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Random Forest

Partial Dependence ®

variable o
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Average prediction
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Contributions Plot
How has each feature contributed to the prediction?
Index: Depth:

1547 x| 04 .

Sorting:
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Contribution to prediction position = 5.86
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Auto arrange @

Random Forest
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manipulate plots
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Break Down @

Intercept

overall = 87.0
potential = 91.0
age=210

ram = 88.0

Im = 88.0

rm=88.0

+All other variables

Prediction

Random Forest

4om

60M
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Shapley Variable Importance
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Partial Dependence Plot

Feature:

wage_eur o | 1547

pdp plot for wage_eur

Variable

age ¥
Select one or more modelsto ® | =
create plots for them 2
| &
B Models |g
8
Random Forest m 2
@
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e
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plots to open it
@ Plots |i&
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Model Summary

metric

mean-squared-error
root-mean-squared-error
mean-absolute-error
mean-absolute-percentage-error

R-squared

Residuals

Predicted vs Actual

Predicted position vs Observed position

Score
10 bud
5078 —
A
2445 4 i $
i
2.04 c . H [}
i P
g @ .
0.825 = ' : f
.
s b .
0.286 £, . m
1
2
2 4 L3 -] 10
Observed position
Plot vs feature
Are predictions and residuals ¢ lated with fi ?

Residuals vs predicted position

& residuals (y preds)

-2

residuals (y-preds)
[~3

Classification Stats

Feature Importances

Select Passenger
Select from list or pick at random
Brown, Mrs. Thomas William Solomon (Elizabeth Catherine Ford)
Observed Survival:
* | Not survived

* | Survived

Predicted probability range:

Feature Input
Adjust the feature values to change the prediction

Sex Deck
female v Unkown
Select any Sex Select any Deck
Embarked Age
Southampton | 40
Select any Embarked Range: 042-630

Individual Predictions

Range:

x v probability

What if..

— IR, OUT

4
2
H -
g o 2 -
=
§ =2 -
- .
-4
-6
200k 300k
wage_eur value

Feature Dependence Feature Interactions

Prediction

label probability

Not survived 244%

Survived 756%

PassengerClass Fare
2 39

Range: 13 Range: 00-227.52

No_of_parents_plus_children_on_board
1

Range: 0-5

No_of_siblings_plus_spouses_on_board
1
Range: 0-8

& residuals (y preds)

Decision Trees



Decision path graph

Visualizing entire decision tree

Passenger: Show tree:

Bateman, Rev. Robert James * v 4

< >

_ Embarked_Cherbourg@0.50
‘Sex_female@0.50° No_of_parents_plus_childrefi_on_board@0.50

PassengerCioss@250  Age@df00 &

n e

A0e@2650

Embarked_Southamipton@0.50  Deck_Unkown@0 50 ‘:'!_ rméuu Age@27o0 | S
\

e @
[

5

P

9
I

& =
(RN

Sex_Temale@0 50 N
Deck_Unkown@0 50,

Fare@15751 No_of parents_pius_ chikiren_on_board@0 50!

No_of_shlings_plus_spouses_on_board@2 50

PassengirClass@2 50 Déck_Unkown@0 50

\ .
No_of_sibings_plus_spousés_on_board@050  Fare@37.66 PassengerClass@150, Far@2236 No_of_siblings_pius_spouses_on_board@050 Fre@2335 % No_of_parents_pilis_chikiren_on_board@0 50
4l 7

&

2
pe=i

survived

[ Fare Sex_female Deck_Unk
0.00

{1253

o Hio_of_parents_pus_chiltren_on_boardPassengerCiass
100 0.00 200

Explanation Algorithms

Explainability Type

Explainable Boosting

Glassbox Model

Decision Trees

Glassbox Model

Rule-Fit

Glassbox Model

Linear/Logistic Regression

Glassbox Model

SHAP Kernel Explainer

Black-box Model

LIME

Black-box Model

Morris Sensitivity

Black-box Model

Partial Dependence

Black-box Model

Overall Importance:
Mean Absolute Score
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ALK PHOSPHATE x SPIDERS=1
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sirue I
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0 01

Predicted (2): 1.000 | Actual (2): 1.000

02 03 04 s

Intercept

SGOT x LIVER BIG=1
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BILIRUBIN x ALBUMIN
BILIRUBIN x ALK PHOSPHATE
BILIRUBIN x PROTIME

AGE x BILIRUBIN

ALK PHOSPHATE x SPIDERS=2
ALK PHOSPHATE x SPIDERS=1
SPIDERS=1 (0.00)

SPIDERS=2 (1.00)

AGE (40.00)

LIVER FIRM=1 (1.00)

LIVER FIRM=2 (0.00)
HISTOLOGY=1 (0.00)
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DecisionListClassifier_0 (Overall)

» |

All Rules

SPIDERS=1 <= 0.50
ALBUMIN > 2.75
PROTIME > 44.00

Prediction: 2, Precision: 1.000, Recall: 0.681

BILIRUBIN <= 1.45
LIVER FIRM=1 > 0.50
SPIDERS=2 <= 0.50

Prediction: 2, Precision: 1.000, Recall: 0.164

v
ClassificationTree_0 (Overall)

BILIRUBIN <= 1.85
#Obs: 22,

22, 86

PROTIME <= 44. HOSPHATE <= 102.00
# Obs: 11 Obs: 11,7

ALK PHOSPHATE <= 147.50 SPIDERS=1 <= 0.50 HISTOLOGY=2 <= 0.50
#0bs: 6,5~ #0Obs: 8,2 #0bs: 3,5

Impurity: 0.38~ Impurity: 0.00 Impurity: 0. ity: 0. Impurity: 0.44 Impurity: 0.00 Impurity: 0.38 impurity: 0.00
#Obs: 6,2 #0bs: 0,3 #0bs: 1, : 4, #0b61,2 #Obalo #01531 #0bs: 0,4



Interpret ML Dashboard

Overview Data Performance Global Local

Introduction

Welcome to Interpret ML's dashboard. Here you will find en-masse visualizations for your machine learning pipeline.

The explanations available are split into tabs, each covering an aspect of the pipeline.
o Data covers exploratory data analysis, designed mostly for feature-level.

o Performance covers model performance both overall and user-defined groups.

o Global explains model decisions overall.

o Local explains a model decision for every instance/observation.
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Diverse Counterfactuals found!

Query instance (original outcome :

Temperature Humidity Light

20.89 23.1 0.0 499.666667

total time taken:

e)

C02 HumidityRatio Occupancy

0.003523 0

Diverse Counterfactual set (new outcome: 1.8)

025

020

015

010

00s

Qoo

Temperature Humidity
- 24.000000000000014
- 24.000000000000014
- 24.000000000000014

- 24.000000000000014

Humidity Light

Light

763.5
1083.9
1046.8

208.6

80 min @1 sec

C02 HumidityRatio Occupancy

696.3 - 1.0
500.0666667000001 - 1.0
500.0666667000001 0.005247647 1.0
500.0666667000001 0.004907838 1.0

HumidityRatio

Temperature



Weight

Feature

01273 £ 0.2324
0.0926 £ 0.2142
0.0857 £ 0.1815
0.0801 £ 0.1705
0.0653 £ 0.1381
0.0629 + 0.1471
0.0457 £ 0.1533
0.0477 £ 0.1555
0.0351 £ 0.11386
0.0343 + 0.1298
0.0262 £ 0.1058
0.0248 + 0.1046
0.0245 £ 0.1157
0.0233 £ 0.1078
0.0225 + 0.0909
0.0210 + 0.0880
0.0205 £ 0.0644
0.0194 + 0.0882
0.0161 £ 0.0676
0.0144 + 0.0636

BILIRUBIN

ALBUMIN

ALK PHOSPHATE
PROTIME

SGOT

AGE

SPIDERS=1
SPIDERS=2
LIVER FIRM=1
LIVER FIRM=2
HISTOLOGY=2

SPLEEN PALPABLE=1

ASCITES=1
ASCITES=2
MALAISE=1

SPLEEN PALPABLE=2

HISTOLOGY=1
MALAISE=2
ANOREXIA=1
STEROID=1

... 12mare ...

y=Live (probability 0.984) top features

Contribution®  Feature Value
+0.801 <=BIAS= 1.000
+0.030 SPIDERS=2 1.000
+0.027 SPIDERS=1 0.000
+0.021 BILIRUBIN 0.700
+0.017  ALBUMIN 4200
+0.010 HISTOLOGY=2 0.000
+0.009 MALAISE=1 0.000
+0.008 MALAISE=2 1.000
+0.008 FATIGUE=1 0.000

... 19 more positive ..
... 4 more negative ...
0016 SGOT 224 000



DALEX Explainerdashboard | InterpretML | ALIBI DiCE ELI5 H20
AutoML
Explainer
Data-Centric | Yes, but not for | No support Yes, but No support No support No support No support
Explainability | comprehension very limited
option
Model- - Supports - Supports local and | - Supports - Supports - Supports local | - Supports - Supports
Centric local and global explanations | local and local and and global local and local and
Explainability | global lobal lobal explanations obal lobal
P v e . - Compares model & . & . P . ¢l . & :
explanations erformance explanations | explanations | but only with explanations | explanations
pertormanc but with counterfactuals | but only
- Compares ) .| - Compares L . . - Compares
- Supports interactive limited with weight-
model N model model
visualizations methods based feature
performance performance L performance
. contributions
and fairness §
- Supports
- Supports interactive
interactive visualizations
visualizations
- But limited
explainability
methods
Qutcome- Supports Supports prediction- | No support No support | No support No support | Limited
Centric prediction- level explanations support
Explainability |level using What-If using ICE
explanations analysis plots
using What-If
analysis and
interactive
breakdown
plots
Compatibility | Highly Only compatible Only Compatible | Compatible Only Only
compatible with scikit-learn compatible with scikit- | with scikit-learn | compatible | compatible
with scikit- model formats with scikit- learn and and TensorFlow, | with scikit- | with H20
learn, learn model | TensorFlow | and PyTorch learn models | models
TensorFlow, formats models models
PyTorch, and
H20 models
Human- - High for - High for - Not very - Not very - CFEs are very | - Not very - Useful
Friendly technical users, | technical users, human human close to ideal human- for mostly
Explanation | especially with | due to interactive friendly friendly human-friendly | friendly technical
the interactive | dashboards in spite of explanations but users
dashboard consolidated lack interactive
- Low for T
. dashboard visualizations
- Low for non-technical users
non-technical
users
Robustness Considers Robustness is high as it Not very robust | Not very robust | CFEs can have a Not very robust | Robustness
different provides comprehensive lot of randomness is high as
dimensions of model-centric and non-feasible it provides
explanability, so explanations suggestions, so comprehensive
quite robust robustness is low model-centric
explanations
Scalability Seems to be Seems to be scalable Not very scalable | Not very Seems to be scalable | Not very Scalable for
scalable and and implemented in a scalable and implemented scalable H20 models

implemented in a
production system

production system

in a production
system




Chapter 10: XAl Industry Best Practices

‘é Al/ML

Application of Artificial Intelligence or Machine
Learning algorithms.

“©- DOMAIN KNOWLEDGE

Using domain expertise from the field of
application like healthcare, finance, law and so
on.

COGNITIVE SCIENCE

Considering the cognitive abilities and
cognitive load of the user

HO  [Ely

Applying the principles from Human-Computer
Interaction for user-centric designs of
explainable Al/ML systems.

o_0
SOCIALSCIENCE =2
Considering social science perspective for
better contextual awareness and broader
impact on the human society.

Who? = Domain experts
(like doctors, judges,
police etc.)

Why? = Gain trust in the model
and obtain actionable insights

Who? = Technical experts (like data
scientists, ML developers, researchers,
product owners etc.)

Why? = Improve model performance,
research on new capabilities

Identify the target audience in XAl.
Match their complexity capability
and domain knowledge.

Who? = Business leaders

(like Executive leaders,

directors, managers etc.)

Why? = Ensure regulatory complianc,
assess corporate goals and monetary
aspects of the Ai project.

Who? = Non-technical end-users
Why? = Understand the model decisions and
take actions to reach to the desired outcome.

S—

Why? = Ensure model

legal guidelines.

Who? = Regulatory entities
(EU-GDPR, Gov't Council etc.)

fairness and compliance with

Doctor, why do say | have
a high risk of diabetes?

Your blood sugar level is
130 mg/dL, which is 30%
higher than a normal blood
sugar level.

Getting feedback from experts

Al System, why do say |
have a high risk of

diabetes?

Your blood sugar level is
130 mg/dL, which is 30%
higher than a normal blood
sugar level.

Getting feedback from explainable Al systems

using data-centric XAl



predictions,

explanations,
insights

Interactive Machine Learning

Conventional Machine Learning

|
Data | Data
I
- 1
— | [—
— 1 = ) )
[ —] Interactions,
1
1 questions End-User
|
ML Expert End-User 1
mode! "
i uestions .
ML O 4__1:”2'1’5{___(9)4--5 _____ - . 1 @
. g e m = - > ey ——m—————— -
Algorithm Q¥ performance n insights : -
metrics | Intelligent User
I Interface with XAl
|
. |
predictions |
|
|
1
1
1
|
|

My loan application has been
rejected by the system. What
should | do now?

To improve the chances of
acceptance of your loan application,
you can try paying your credit card
bills on time for the next six months!

Okay, | can do that to get my
application accepted!

@
%



Chapter 11: End User-Centered Artificial Intelligence

I—' Intelligible
=
-

Customizable 7 Adaptive
]—‘ Context-aware
Explain using: Explanatory Form & its Example

Dataset Performance

Predicted price of your own house

Supplementary & $ 650,000

with certainty of 0%

information
$ 638 ~ 662,000
‘with certainty of 85%

Feature Attribute Feature Interation
znhloﬁmm

|!
i L

Body weight
e

J _similar Example | _Typical Example ] Counterfactual Example

one, from the dataset o train the seif- .
‘ o as yours is like:
In your neighbourhood:
2 bedrooms
2 bathrooms
Ry 1000 sq
=g

Indigo > progressive transition >> Blue
Bunting Grosbeak

Decision Rule

If house area < 800 sq,
and distance to school, parks > 2.5 km,
Then house price is no more than 600,000

If house area is 800 - 900 sq,

and distance to school, parks < 2.5 km,
Then house price is about 700,000-850,000

Pleasurable

Usable




